Abstract
The hierarchical clustering and statistical techniques usually used to analyze microarray data do not inherently represent the underlying biology. Herein we present a hybrid approach involving characteristics of both supervised and unsupervised learning. This approach is based on template matching in which the interaction of the variables of inherent malignancy and the ability to express the malignant phenotype are modelled. Immortalized normal urothelial cells and bladder cancer cells of different malignancy were grown in conventional two-dimensional tissue culture and in three dimensions on extracellular matrices that were either permissive or restrictive for expression of the malignant phenotype. The transcriptome represents the effects of two variables--inherent malignancy and the modulatory effect of extracellular matrix. By assigning values to each of the biological variables of inherent malignancy and the ability to express the malignant phenotype, a template was constructed that encapsulated the interaction between them. Gene expression correlating both positively and negatively with the template were observed, but when iterative correlations were carried out, the different models for the template converged to the same actual template. A subset of 21 genes was identified that correlated with two a priori models or an optimized model above the 95% confidence limits identified in a bootstrap resampling with 5,000 permutations of the data set. The correlation coefficients of expression of several genes were > 0.8. Analysis of upstream transcriptional regulatory elements (TREs) confirmed these genes were not a randomly selected set of genes.
Several TREs were identified as significantly over-expressed in the sample of 20 genes for which TREs were identified, and the high correlations of several genes were consistent with transcriptional co-regulation. We suggest the template method can be used to identify a unique set of genes for further investigation.
Introduction
The development of microarray techniques that survey a significant fraction of the transcriptome has, in theory, allowed the process of tumour formation to be examined at the system level. However, microarrays are severely underdetermined, and the complex interactions among cellular signalling pathways combined with the noise inherent in the experimental determination of expression means not only is a unique solution to a microarray experiment improbable, there may not even be an "optimal" one [1] .
One of the more effective approaches to reducing the effect of noise is to systematically perturb the biology underlying gene expression and identify genes that are thereby modulated. The interaction between cancer cells and the ECM can modulate malignant behaviour both in vitro [2;3] and in vivo [4] . This modulation is highly relevant to human cancer because metastatic cells often remain dormant for years before emerging as tumours [5] , and malignant cells can often masquerade as normal cells before emerging as a recurrence [6] . Understanding the mechanisms for this modulation of the malignant phenotype by ECM may present important clues for cancer treatment or management.
In this paper, five bladder cancer cell lines differing in inherent malignancy (three low grade and two high grade) and one immortalized, but nontumorigenic bladder epithelial cell line were grown on two different ECM preparations (Matrigel and SISgel) and on plastic. On the cancer-modified ECM, Matrigel, the malignant phenotype of the cells studied herein is expressed fully, whereas on SISgel, which is prepared from normal submucosa, the cells display a more normalized, layered phenotype in which invasion is suppressed and the cell layer shows evidence of differentiation [2] . On conventional tissue culture on plastic, the modulating effects of the matrix are absent. This afforded us a means whereby both inherent malignancy and the effect of ECM can be systematically varied to identify genes that modulate the malignant phenotype. The expression levels of 1167 well-annotated genes selected for their relevance to cancer biology in general were determined on a Nylon array to identify such genes.
To analyze the resulting complex data set, we developed a novel template approach that describes the interaction of these two biological variables. The template was developed iteratively from a conceptual model of gene expression in which relevant genes would be expected to increase expression with both increasing malignancy and permissiveness for malignant growth. This template was compared to the expression levels of the 87 genes that were expressed more than 3 s.d. above
background. The template model discovered a pattern of interesting gene expression that correlated with the interaction of the modulating effect of ECM on expression of the malignant phenotype. We suggest this template approach may prove useful to finding genes that describe other systems in which two biological variables affect behaviour. Culture: SV-HUC-1, TCCSUP, RT4 and J82 cells were obtained from the American Type Culture Collection, Bethesda, MD, which provided information allowing the cells to be ranked by malignancy of the tumour of origin. The 253 J and 253 JB-V cells were provided by Dr. Colin Dinney [7] . The former is derived from a metastatic lymph node tumour, while the latter is a highly metastatic variant cloned in Dr. Dinney 2.2. Array Protocol: RNA was isolated from the cells growing in gel using the RNeasy kit (Qiagen) by adding 300 µl lysis buffer to the culture well and pipeting up and down to lyse the cells and dissolve the gel. The RNA was isolated from the lysate using a QIAshredder spin column to complete homogenization followed by proteinase K digestion, washing, DNase 1 treatment and elution from RNeasy spin column. Yield of total RNA and the purity were assessed by spectrophotometry. The yield was approximately 2.4 -6 µg RNA per culture in 30 µl. First strand synthesis was carried out at 42° C for 1 h. with reagents supplied by Clontech as part of the SMART II kit, except that Superscript II (Invitrogen) reverse transcriptase was substituted. The SMART II oligonucleotide was included to capture full length cDNA at the 5'end and to permit a proportional 2,000 -5,000 fold amplification [8] 2.3. Data Normalization: Data were normalized as described in detail elsewhere [9] . In brief, the normalization method relies on a number of low expression genes to provide an estimate of nonspecific binding. This information is then used to perform a Z transformation on the data. Once normalized the data are "unbiased" through robust linear regression to allow comparisons across different membranes. Fitted data are then used to find a homoscedastic group of gene variances that will be used as an internal standard of measurement noise [10] . Genes statistically likely to be expressed (expression levels 3 standard deviations above the mean of the background) were identified, anti-log transformed, and used for subsequent analysis. This filtering step minimizes false positives, though at the cost of the low-expression genes, which are measured with low precision.
Materials and Methods

Cell
Primary template modelling and optimization: Because microarray data are severely underdetermined, many solutions to a given dataset are possible. Our interest was to identify genes whose expression followed a particular type of behaviour, namely that they were modulated both by intrinsic malignancy and by the ECM. We first developed a two-dimensional template of expected gene expression starting from the concept that as cells became more malignant or the ECM more permissive, expression of key genes related to malignancy and the ECM would increase or decrease in expression. We therefore assigned values of 0, 1 and 2 to malignancy for the normal, low-grade and high-grade cells, and 0, 1 and 2 to permissiveness of the ECM on plastic, SISgel and Matrigel respectively. In order to provide a starting place (i.e.
the "seed") for deriving the optimal template, we assumed malignancy and the ECM could interact in two simple ways. In the Linear Model, changes in gene expression derived from inherent malignancy and those from the effect of the ECM were additive. In the Super-Linear
Model, a multiplicative interaction was assumed except that where zero resulted; a value of 1 was substituted. The templates are described in Table 1 . The model template (T) was iteratively optimized by finding the maximal Pearson correlation coefficient (ρ) between each gene profile and template. The optimal template was created iteratively by increasing the stringency with every iteration to ensure convergence of the algorithm.
The algorithm can be defined as follows:
1) Generate an a priori seed that will define the initial gene correlation pattern expected.
2) Compute a Pearson's Product-Moment Correlation (ρ) for every gene against the a priori
template. The linear and super-linear initial "seeds" were given as starting points for the algorithm, and all resulted in the same final template. In order to estimate the significance of correlations of expression within the template without assuming an underlying distribution, the data columns were randomly rearranged (bootstrapped) 5,000 times [11] . All seeds converged on the same final template. The distribution of correlations in the bootstrap analysis is shown in Fig. 1 . We selected genes that correlated above the 95% confidence interval. 
Results
3.1. Data Quality and Reproducibility: Fig. 2 shows a representative duplicate pair of analyses plotted after filtering out the genes expressed below 3 SD above background. Although accurate statistical measurements of mean expression and detection of differentially expressed genes by t-tests are not feasible with only duplicate measurements, the data are nonetheless reproducible, and less than 0.1% of genes vary by more than 4-fold among duplicates.
3.2. Template Model Analysis. Table 1 shows the optimized template derived from the optimization studies beginning with either a linear or super-linear seed. Genes were found that fit either seed, but both seeds converged on the same optimal template when the best fit was sought. The optimized template more closely resembled the super-linear model than the linear one. Table 2 lists gene transcripts that correlate above the 95% confidence limit determined from the bootstrapping analysis.
This limit was at ρ ≥ 0.59 and ρ ≤ -0.50 (Fig. 1) . Both positive and negative correlations with the model were observed. Positive correlations are likely to represent genes that are associated with malignancy whereas those with negative ones are expected to be associated with a more normal pattern of expression that are lost as malignancy progresses. The TCCSUP line showed the poorest correlation with the models.
K-Means Clustering
When K-means clustering is applied to our data set of expressed genes, Table 2 shows that the genes identified by our template model do not fall into a unique cluster for either k = 4 or k = 5. Table 2 . The results are illustrated in Fig. 4 by whether the transcripts correlated positively or negatively with the template. Transcription factors with p<0.1 generally are considered as worthy of further consideration [12] . Several sequences with highly significant over-representation, notably Pax-4, FoxD3, Oct-1, and Nkx2-5 binding sites were identified. Those showing a strong differential between the positively and negatively correlating genes could be considered as driving either malignancy or normalization, respectively. All of the transcription factors that were identified as possibly being relevant in Table 3 were found to be expressed at least 2 sd above background at least under some conditions. The Pax-4 and FoxD3 transcription factors were expressed under all conditions between 10 and 1000 times above background. The Oct-1 and Nkx2-5 transcription factors generally were not present in cells grown on plastic. Oct-1 was expressed more highly on SISgel than on Matrigel at levels, ranging from 2-20 times above background, whereas Nkx2-5 transcription factor showed no consistent differential expression. The promoter sequences found in common are consistent with some of the high correlations seen in Fig. 3 . For example, ErbB3, HLAC, IL1β, RPS9 and CDKN1A all share a Nkx2-5 sequence, whereas CDKN1A, TMP21, HLAC, Casp1 and IL1β all share an Oct-1 sequence. Fig. 5 shows the network of connections among putative transcription factors and template-derived genes coded according to the mathematical sign of the correlation with the template. The associations among correlation coefficients and TREs is more evident in this figure and demonstrates that the template method identifies genes whose expression is co-ordinately regulated.
Discussion
A major challenge with microarray data is delineating those changes in expression that are associated with scientifically or medically relevant differences in biological behaviour from those that are inconsequential to the biology [13] . At present, statistical techniques in which there are no a priori hypotheses concerning the biology are used most frequently to analyze microarray experiments [14] . This kind of analysis is referred to as "unsupervised learning" and can actually add complexity [15] , and neither hierarchical clustering nor self-organizing maps provides a p-value with the analysis. Even with the criterion that the analyses must pass some rigorous test of significance, any set of microarray data still has multiple solutions, none of which may even be optimal in the sense of being inherently superior to other analyses [1;16] . Moreover, genes identified by clustering analyses of microarray data are rarely the same ones identified as being significant from clinical, in situ, molecular, single-nucleotide polymorphism (SNP) association, knockout and drug perturbation data [16] . Although clustering and statistical techniques can be quite powerful, it is clear that additional improvements in analysis of microarrays will prove useful. "Supervised learning" seeks to include knowledge of the biology driving the changes in gene expression in the analysis of the experimental results. In this communication we report a novel hybrid template approach incorporating both supervised and unsupervised characteristics. The method is based on sound statistical criteria and particularly seems useful for extracting a useful solution when two, interacting biological variables are at work. Such an analytical approach can be useful to analysis of experiments in which systematic manipulation of relevant biological variables elicits a patterned, system-level response that facilitates separating biologically relevant responses from random or irrelevant ones.
Given the above, is therefore not surprising that the genes in Table 2 show little in common with clinical bladder cancer samples analyzed with the Affymetrix HuGeneFl array containing approximately 5,600 genes [17;18] , or bladder cancer cell lines grown on plastic using the IMAGE cDNA set of 8,976 ESTs and genes of known function [19] . Interestingly, these other two studies based on different microarray platforms showed only 3 genes in common with each other, in spite of using very similar analytical techniques. Yet, each study certainly is valid within the context of the analysis, and each combination of arrays and analyses selected a distinct and different pattern of expression for reasons discussed more fully by Ein-Dor and colleagues [1] . The microarray truly might be considered a scientific tool for the post-modernist age in which no "narrative" is inherently privileged, and "meaning" depends on context.
The proposed clustering method can be applied almost universally to any system where there are known or suspected biological interactions. Additionally, the method is fairly robust to initial seed variations. For example, if this method was applied to identify genes modulated by circadian rhythm, the only biologic knowledge needed is that genes of interest oscillate up and down within a 24 hour timeframe, i.e. initial seed 0, 1, 0, -1, 0. An optimal template, based upon these assumptions, will be generated along with a list of genes that follow the predefined pattern.
This template method finds a unique set of genes that other unsupervised methods can overlook (Table 2) . The difference arises due to K-means algorithms separating genes into groups based on overall expression level. Our method relies on changes in expression, not their level, to determine cluster membership.
Although establishing a template of expected values and identifying genes that match an expected template is not itself novel, previous approaches have either sought to classify results into different "bins," such as identifying genes that varied with the grade of tumour [17] , or to match expression to linear, binary templates of "high expression" or "low expression" [20] . The current approach allowed us to model quantitatively the interaction between two complex biological variables and to refine the model on the basis of observed data. Both a priori models converged to the same optimized model, demonstrating that a priori predictions could be used to find a pattern of gene expression that was inherent in the data but which more or less followed theoretical patterns of gene expression. In this case a subset of genes was identified that increased or decreased systematically as the malignant potential of the cells increased and also as permissiveness of growth conditions increase. That the template was approximately geometric rather than linear implies that the effects of mutations, gene silencing and other primary modulators of expression and function are approximately multiplicative as cancers progress.
Although validation often is equated to showing equivalence of expression of a few genes by an independent method (e.g. PCR or Northern blot), this is only the first level of validation [21;22] . Far more interesting and complex, however, is the concept of biological validation [21] .
Examination of the gene list showed several genes have been associated clinically with bladder cancer. The template gene with the highest positive correlation with the template, ErbB3, is a member of the EGF receptor family and has reported to bear a strong association with bladder cancer progression [23;24] . IL-10 expression has been identified as a suppressor of the immune response in vivo that is associated with progression [25;26] . IL-1β has been reported in elevated amounts in the urines of bladder cancer patients [27] . Caspase 1 (interleukin 1 converting enzyme), which cleaves the inactive precursor to the active cytokine, also showed a positive association with the template. Apparently contrary associations were seen for expression of HLA-C, which is reported to decrease with progression [28] and with CDKN1A, which is a cellcycle regulator that produces growth arrest in bladder cancer cells [29] . However, it is not known whether other defects render the implied regulation ineffective. Without knowing the fraction of genes on the array that are associated with bladder cancer, the significance of the observation that several of the positively-correlating subset has been associated clinically with bladder cancer cannot be tested rigorously. Nonetheless, this observation does suggest the template approach identifies a different set of genes than does the typical cluster analysis.
The negatively-correlating genes are, for the most part, associated with normal cellular processes that would be expected to be lost as the cells express the malignant phenotype more strongly. DAP3 is associated with anoikis (cell death following detachment from substrate) [30] , but most cancer cells are not subject to this mechanism. Thus, loss of this gene would be expected to be associated with progression.
The data themselves offer another interesting validating clue. Even though the original tumour from which TCCSUP was derived was classified as a TCC, TCCSUP cells form squamous cell carcinomas in xenografts [31] . The TCCSUP line failed to fit the template as well as the other lines, which suggests some common pathways shared by all TCCs are not relevant to the TCCSUP line. Thus, it may prove possible to derive signatures of specific cancer types by this template process.
Examination of the correlation coefficients of the expression levels shows that the expression of the genes associated with the optimal template are mostly above 0.8, whereas those that are associated only with the a priori templates are lower. This suggests that the optimal template has identified a set of co-regulated genes that may have an important biological function in establishing the phenotype. This hypothesis is supported by the identification of highly over-represented promoter sequences that are consistent with the correlations among gene expression levels. This finding also presents a second and independent level of biological confirmation of the validity of the template approach. Figs. 3 and 4 demonstrate that the significant genes identified in Table 2 are not a random collection of genes. A few promoter sequences are highly over-represented, and the hierarchical clustering distinguishes the positively-and negatively-correlated genes. Many of the high correlations seen in Fig. 3 are consistent with transcriptional regulation by the 4 transcription factors with the lowest p-values as being responsible. Interestingly, the promoter sequences associated with genes identified only by the optimal template model seem to be somewhat different from those associated with genes identified solely by the two a priori models. This is seen most clearly in Fig. 5 , where those associated uniquely with the optimal template seem to contain mostly Oct-1, Nkx2-5 and Pax-4 sequences, whereas those associated with the a priori models involve a number of other sequences such as ISRE, SOX-9, AREB-6, FOX,J2, FOXD3 and cMyb.
Some investigators have suggested that the function of microarrays is to identify pathways that are dysregulated, and that differentially expressed genes are just one means to achieve this [32] . The negatively-correlating gene LRRC16 contains a RARβ promoter sequence. Loss of RARβ due to methylation silencing has been associated with progression of many cancers including bladder cancer [33] . Expression of hRARβ itself was low and too noisy for firm conclusions, but the negative correlation of LRRC17 is consistent with the progressionrelated loss of hRARβ regulation. LRRC17 (P37NB), is a gene of unknown function previously associated with neuroblastoma cells expressing a differentiated phenotype [34] and may play a differentiation-related role in urothelial cells as well.
The template matching approach here presented should prove to be a useful tool for analyzing gene array data sets and appeared to identify genes that relate to the biology underlying malignant transformation. The template matching approach includes statistical criteria for validating gene selections through the bootstrap simulation. Further research at the biological level clearly will be needed to validate the genes implicated with this method. The findings suggest that it identifies co-ordinately regulated genes as well as genes also identified from clinical studies. This approach can supplement conventional techniques in analyzing transcriptome data for genes that relate to the mechanism of cancer and to identify markers or targets for therapy. Tables   Table 1 G1P3  ERBB3  DARS  ELAVL2  IL10  HLA-C  LDHA  Casp10  IL1B  RPS9  DDIT3  CASP1  CDKN1A  LRRC17  DAP3  EIF4E  EIF2B  IMPD2  SFRS7  HRMT1L2  TMP21   G1P3   ERBB3   DARS   ELAVL2   IL10 
